rare diseases in the HPO database 15 . PHIVE (ref. 16 ) improves the identification of disease genes by incorporating phenotype information from model organism studies in cross-species comparisons. Together, these approaches demonstrate the clear utility of using phenotype data to improve disease gene finding. However, no tool is able to utilize existing disease nomenclature systems to interpret the user input as free text, sometimes including multiple diseases or phenotype terms.
Here we introduce a computational tool called Phenolyzer to prioritize human disease genes based on disease or phenotype information provided by users as free text. Phenolyzer includes multiple components: (i) a tool to map user-supplied phenotypes to related diseases, (ii) a resource that integrates existing knowledge on known disease genes, (iii) an algorithm to predict previously unknown disease genes, (iv) a machine learning model that integrates multiple features to score and prioritize all candidate genes and (v) a network visualization tool to examine gene-gene and gene-disease relationships.
Phenolyzer works by an intuitive approach: it interprets usersupplied disease or phenotype terms as related disease names, which are then used to query precompiled databases to find and score relevant seed genes. The seed genes are then expanded to include related genes, on the basis of several types of gene-gene relationship logic such as exhibiting a protein-protein interaction, sharing a biological pathway or gene family, or transcriptionally regulating or being regulated by another gene. Finally, these different types of scores from seed gene ranking and gene-gene relationships are integrated to generate a ranked candidate gene list, together with detailed explanation to track the source of information used to compile the scores (Fig. 1) . Phenolyzer is available as a web server at http://phenolyzer.usc.edu, and a command-line version can also be downloaded for batch processing (Supplementary Software). The user-friendly web server interface takes user input and generates results within minutes. The results page provides several tabs, including a summary tab with word cloud and links to output files, a gene-disease-term interaction network, a bar plot of the 500 most highly ranked genes with normalized scores, and detailed record-tracking information with raw scores and links to external databases ( Supplementary Figs. 1-3) .
We first tested Phenolyzer on a small dataset of 14 very wellestablished Mendelian diseases that are each known to be caused by mutations in only one or two genes 17 . Given the input phenotype, we examined how Phenolyzer ranks the disease causal gene against other genes in the genome, as "top 1," "top 10," "top 20" Prior biological knowledge and phenotype information may help to identify disease genes from human whole-genome and whole-exome sequencing studies. We developed Phenolyzer (http://phenolyzer.usc.edu), a tool that uses prior information to implicate genes involved in diseases. Phenolyzer exhibits superior performance over competing methods for prioritizing mendelian and complex disease genes, based on disease or phenotype terms entered as free text.
Phenolyzer
In a typical study using human whole-genome or whole-exome sequencing data, tens of thousands of single-nucleotide variants (SNVs), indels and structural variants (SVs) can be identified, but only a handful are relevant to the disease or phenotype of interest. Prioritizing candidate variants or genes from sequencing data therefore poses substantial challenges 1 . Several computational tools, including ANNOVAR 2 , snpEff 3 , VEP 4 , Jannovar 5 and VAT 6 , address this problem mainly by employing a number of variant filtering steps, such as keeping nonsynonymous and splice variants and keeping variants with high conservation scores and low alternative allele frequencies 7 .
Prior biological knowledge and phenotype information may also help pinpoint genes that contribute to disease, and several prioritization tools utilize known genotype-phenotype relationship information. However, the input for many of these tools is limited to training gene lists (for example, ENDEAVOUR 8 ), specific disease identifiers (for example, MedSim 9 and Phevor 10 ) or ontology identifiers (for example, Phen-Gen 11 ). Such requirements may restrict usage and accessibility for average biologists. Several other tools can take keywords as input, including Genecards 12 , PosMed 13 and SNPs3d 14 . Yet others use phenotype information to improve the prediction or prioritization of disease genes. For example, Phenomizer assesses an input query consisting of standard Human Phenotype Ontology (HPO) terms and generates a diagnosis with P values for each of the ~7,000
and "below top 20." Note that if a disease has no corresponding record, it is categorized as "below top 20"; for the two diseases with two causal genes, the rank for two genes is averaged and rounded to the smaller integer. Because of the relatively small size of the dataset, we also manually tested several other tools (most of which do not offer batch processing), including Phenomizer, GeneCards, SNPs3d, PosMed and Phevor. A detailed comparison of functionality between Phenolyzer and other tools is given (Supplementary Table 1) . Phenolyzer successfully prioritized all disease causal genes as "top 1" (Fig. 2a) . SNPs3d failed only on one gene, which was ranked "top 3." PosMed does not work well for scoring genes for monogenic diseases, probably because its algorithm relies purely on co-occurrence of gene-disease pairs from the literature. Phevor did not work well, likely because its algorithm does not weight different ontology scores. Phenomizer works well, considering that its input is the phenotype terms for each disease rather than the disease name itself (Supplementary  Dataset 1) .
We next expanded our evaluation to 590 known inherited disease genes compiled in a newborn sequencing study 18 (Supplementary Table 2 ). Because of the large size of the dataset, we were unable to compare to other tools on their web servers. We found that 81.2% of the genes were ranked as "top 1, " 90.7% of the genes were ranked as "top 10," and overall 93.4% of the genes could be identified by Phenolyzer in its ranked list of candidate genes (Supplementary Dataset 2) . Thus, our analysis clearly demonstrated that Phenolyzer is adept at finding genes that are known to be associated with Mendelian diseases.
We next examined several datasets to evaluate the ability of Phenolyzer to prioritize candidate genes for complex diseases. For simplicity, we tested four complex diseases with input as "cancer, " "autism, " "rheumatoid arthritis" and "anemia, " including 517 genes in the Cancer Gene Census from COSMIC (Catalog of Somatic Mutations in Cancer) 19 , 22 genes strongly associated (false-discovery rate <0.05) with autism from exome sequencing 20 , 634 genes from RADB (Database of Rheumatoid Arthritis related Polymorphisms) 21 and 121 genes at 75 loci associated with red blood cell phenotype and anemia 22 . All the reported genes were used as positive genes, and all other genes were used as a negative set (though we acknowledge that some may still be genuine disease genes). We used ROC (receiver operating characteristic) curves and AUC (area under the curve) values to evaluate each tool ( Supplementary Fig. 4 ). Our results demonstrate that Phenolyzer compares favorably against all the other tools. For example, for autism-associated genes that were identified from an exome sequencing study, Phenolyzer achieved an AUC score above 0.85, but none of the other tools has AUC scores higher than 0.81. PosMed performs nearly as well as Phenolyzer, but it does not find as many true positive genes as Phenolyzer, which leads to lower AUC value. Phevor's ontology propagation algorithm works well to retrieve a large list of genes and has the ability to discover novel genes. SNPs3d, Genecards and Phenomizer can generate only a limited number of candidate genes in the output and thus do not perform well, though tools such as Phenomizer were not designed to prioritize genes of complex disease. In addition, we also evaluated Phenolyzer with only the seed gene list (without the seed gene growth step), and found that its performance was greatly reduced, suggesting the importance of seed gene growth to find new genes not documented in Phenolyzer's disease-gene knowledgebase ( Supplementary  Fig. 4 and Supplementary Dataset 3).
In addition to known disease genes, we further evaluated the performance of Phenolyzer to prioritize novel disease genes. For this analysis, we identified 55 disease genes published between June and August 2014 in four scientific journals (Nature Genetics, American Journal of Medical Genetics, American Journal of Human Genetics and Human Molecular Genetics). These discoveries represented novel findings at the time of our analysis, so it was less likely that Phenolyzer would be able to use the exact genedisease records in any knowledgebase. We submitted the phenotypes or diseases described in each of the original publication to Phenolyzer, and examined whether the reported genes could be found in the ranked list of candidate genes. Compared to competing tools, Phenolyzer achieved the highest response rate, top 5% ratio We performed a reanalysis of the 14 monogenic and four complex diseases using only a list of phenotype terms as the input and found that Phenolyzer had similar performance to Phenomizer for the known monogenic disease genes ( Supplementary Fig. 5) ; for complex diseases, they also performed similarly, but Phenomizer was limited by its number of candidate genes in the results (Supplementary Fig. 4) .
Although Phenolyzer has been developed as a phenotype analysis tool only, it is straightforward to link it with functional annotation software for next-generation sequencing data or for copy-number variation (CNV) data. To demonstrate this, we illustrated four user cases that combine Phenolyzer with exome sequencing data or CNV data to identify disease causal genes (Supplementary Note, Supplementary Fig. 6 and Supplementary  Datasets 5-7) . To facilitate users with sequencing data, we also implemented an automated Phenolyzer analysis pipeline in the wANNOVAR server 23 .
Compared to similar tools, Phenolyzer is better at prioritizing candidate genes for Mendelian diseases and complex diseases. In addition, the tool also works well for finding novel disease-gene associations, highlighting its ability to help formulate new biological hypotheses. For the ever-increasing number of human disease sequencing studies, Phenolyzer will help users leverage prior biological knowledge and phenotype information to expedite scientific discovery.
A detailed user manual is available online at http://phenolyzer. usc.edu/download/Phenolyzer_manual.pdf and will be regularly updated. 35 and OMIM descriptors to expand and interpret a given term into a full set of specific disease names (Supplementary Fig. 7) . A disease or phenotype term set, Term = {Term k } with one or multiple terms, is used as input to describe diseases or phenotypes for a given patient. Each Term k is interpreted into a set of specific disease and phenotype names, Disease = {Disease i }. For example, {'Muscular dystrophy' , 'Duchenne'} is an input term set. The separation into two parts increases the chance of matching a larger list (and hence more candidate genes), since the finegrained term 'Duchenne Muscular Dystrophy' may not be the most accurate diagnosis for the patient (there are dozens of types of muscular dystrophy), and it reduces the chance of false-negative results due to an excessively fine-grained query term that is not in the Phenolyzer data sources. On the other hand, the final score of the true candidate gene will not be affected substantially. As another example, the interpreted disease names of 'autism' is illustrated (Supplementary Dataset 8) . Basic regular expression techniques are used here to process each term into a format that all the continuous non-word characters are transformed into a single white space.
Word matching is conducted between each term and the names or synonyms in the several disease databases mentioned above and the disease names from all the pre-compiled gene-disease databases. Each term will be treated as a single phrase without tokenization, to examine whether it is contained within the disease or phenotype records in the databases. Even though no tokenization is conducted here, the large number of available synonyms in disease vocabularies results in a high chance of a final match in the disease-gene databases.
For matched disease names, all their synonyms and descendent disease names or synonyms are returned with a reliability score of 1.00. For matched phenotype names, disease reliabilities are calculated differently for HPO and OMIM descriptors. For HPO, reliability is dependent on the phenotype-disease mapping descriptions given by the HPO annotation file retrieved from its website: "rare" to 0.05, "occasional" to 0.075, "frequent" to 0.33, "typical" 0.5, "variable" to 0.5, "common" to 0.75, "hallmark" to 0.90, "obligate" to 1.00. If such description is not available, it is treated as "frequent." For OMIM descriptors, the conditional probability P(Disease|Descriptor) is used as the reliability, which is the probability of the disease given the matched descriptors, based on the OMIM disease description file. Finally, if a disease name has several reliability scores from several sources, only the highest reliability score will be saved, thus avoiding duplicated calculation for the same disease.
Seed gene set generation. Each disease name Disease i in the extended full disease name set is queried in the pre-compiled gene-disease databases. A case-insensitive match will be conducted. Each time a gene is found to be directly associated with a disease, a score is calculated. We calculate a weighted score for each gene given individual term,
Gene Term
Score Gene Disease Reliab
The Score(Gene, Disease i ) is the sum of corresponding scores for all the five sources in the pre-compiled gene-disease database, with individual scores calculated by Gene Disease Score System (see methods below). Count(Disease) is the overall record number of the diseases occurring in gene-disease databases corresponding to the term. Reliability(Disease i ) is the reliability of the retrieved full disease name.
One advantage of using the above formula is to support queries with multiple terms. For example, if ' Alzheimer' and 'brain' are entered as different terms, the genes corresponding to the more specific word ' Alzheimer' will have higher scores, due to its smaller number of corresponding records. Thus by adding each term's scores, the most specific term will dominate. Additionally, the intersecting genes will always have higher scores. The final weighted sum score of a seed gene considering all reported genedisease relationship is calculated by:
It is then normalized to be between 0 and 1 by dividing by the maximal score, 
Term is the normalized seed gene score generated in the previous step. The logic here is that, if a seed gene has a higher score, then its related genes will also have higher scores. Score relation (Gene i , Gene j ) comes from the Gene Prediction Score System (see methods below). A gradient descent algorithm is used, with 10,000 steps and learning rate η = 1 (Supplementary Fig. 8) , to minimize the cost function, 38 , and coronary artery disease with 604 Entrez genes from the Coronary Artery Disease Gene Database 39 . These represent some of the diseases most well studied by genome-wide and candidate gene association studies.
After the learning, the optimized weight vector is identified and the score with trained weights is calculated by S X i n logistic Gene Term ( , ) = − w x T 0 , and is then normalized to be between 0 and 1.
Gene disease score system. For each gene-disease pair in the gene-disease databases, the score is multiplied by two parameters: α represents what kind of study is used to infer the gene-disease relationship, and β represents the extent to which such relationship is confirmed. These parameters are defined by ad hoc measures specific for each database as described below. For OMIM, α is 0.25, 0.5, 0.75 and 1 for Disorder Code 1, 2, 4 and 3, respectively, yet β is 0.25, 0.5, 0.75 and 1 for Status Code I, L, P, and C, respectively. Disorder Code is defined as below: 1 for "the disorder is placed on the map based on its association with a gene, but the underlying defect is not known, " 2 for "the disorder has been placed on the map by linkage; no mutation has been found, " 3 for "the molecular basis for the disorder is known; a mutation has been found in the gene, " and 4 for "a contiguous gene deletion or duplication syndrome, multiple genes are deleted or duplicated causing the phenotype. " Status Code is defined as below: I for "inconsistentresults of different laboratories disagree, " L for "limbo-evidence not as strong as that provisional, but included for heuristic reasons, " P for "provisional-based on evidence from one laboratory or one family, " C for "confirmed-observed in at least two laboratories or in several families. " For ClinVar, α is set at 0.25, and β is the reference count divided by the maximum number of reference counts. For Orphanet, α is 0.25 for "role in the phenotype of " or "candidate gene tested in, " 0.50 for "part of a fusion gene in, " "modifying germline mutation in" or "modifying somatic mutation in, " 0.75 for "major susceptibility in" and 1.00 for "disease-causing germline mutations in" or "disease-causing somatic mutations in, " whereas β is the reference count divided by the maximum number of reference count. For GWAS, α is set at 0.25, and β is 1 − P value. For GeneReviews, α and β are both set as 1. The score for a gene-disease pair from a specific data source is then calculated as αβ.
Gene prediction score system. The parameters for Gene Prediction Score System are defined by ad hoc measures specific to each database. For HGNC gene family, the score is set at 1. For Biosystem, each entry has already been assigned an individual score by NCBI, which is normalized from 0 to 1 by dividing by the maximum score. For all the Biosystems containing the pair of genes of interest, the maximum normalized score is returned as the final score for this pair. For HPRD, the score is first set to 0; if the two genes have the interaction information as "in vivo, " the score is increased by 1, if "in vitro" increased by 0.5, if "yeast two hybrid" increased by 0.25. Then the final score is normalized to be from 0 to 1 by dividing by 1.75. For HTRI, the score is calculated by normalizing the PubMed reference count by the maximum count, to range from 0 to 1, and the transcription factors (the source of the regulating relation) are penalized by multiplication by 0.25.
Tool comparison.
For short disease names, the disease name is directly used as input. For long disease names, the best effort is used to obtain optimal result. For example, if no matching is found using the full name, we will divide the long disease name into shorter terms. The details of the exact input and the ranks are included in for monogenic diseases (Supplementary Dataset 1) , for novel disease gene prediction (Supplementary Dataset 4) . The output for complex disease comparison is also included (Supplementary Dataset 3) .
For Phevor, a variant file with all the genes mutated to the same extent was generously provided by M.V. Singleton (one of the developers of Phevor) specifically for testing Phevor. Thus we can first enter the disease terms in Disease Ontology field and phenotype terms in Human Phenotype Ontology field and generate the gene profile, then run Phevor with the supplied variant file and obtain a final gene list with scores. The gene ranking depends only on the disease or phenotype terms but not the mutations, so we can use the results for comparison and benchmarking. Since Phevor takes at most 5 terms for one type of input, in rare cases when there are more than 5 available terms, only the first 5 are selected. We observed that in Phevor's result, a large number of genes may have the same rank. For example, in the output for 'liver cirrhosis' , there are 7,715 genes with the same rank. To deal with this issue, we use the smallest rank on all these genes. To ensure a fair comparison with other tools, we keep using the smallest rank when encountering the same situation for other tools.
For Phenomizer, the disease or phenotype term is used to search for features and diseases. Then all the related features are added to the patient's feature, and the clinical diagnosis is generated.
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For an extreme example of "intellectual disability," there are 185 diseases that can be retrieved, and all the feature annotations of these diseases are manually added. These same features are also used as input for Phenolyzer to demonstrate its performance for 14 monogenic diseases and complex diseases.
We made best efforts to ensure that for each disease or phenotype, a gene list is retrieved for each tool. If a term cannot generate any record, we will try a more general term. The only exception is "longevity" for Phenomizer and Phevor, where "lifespan" and "life span" are also tried yet no result can be generated. All the comparison shown for Phenolyzer is conducted without the addon databases (which are additional databases outside of the core Phenolyzer databases), and with the trained weights from logistic regression except when stated otherwise.
Code availability. The latest version of the Phenolyzer command line tool is available at https://github.com/WangGenomicsLab/ phenolyzer. A recent version is also included with the paper (Supplementary Software).
